Variability of neural activity is regarded as a crucial feature of healthy brain function, and 2 several neuroimaging approaches have been employed to assess it noninvasively. Studies on 3 the variability of both evoked brain response and spontaneous brain signals have shown 4 remarkable changes with aging but it is unclear if the different measures of brain signal 5 variability -identified with either hemodynamic or electrophysiological methods -reflect the 6 same underlying physiology. In this study, we aimed to explore age differences of 7 spontaneous brain signal variability with two different imaging modalities (EEG, fMRI) in 8 healthy younger (25±3 years, N=135) and older (67±4 years, N=54) adults. Consistent with 9 the previous studies, we found lower blood oxygenation level dependent (BOLD) variability 10 in the older subjects as well as less signal variability in the amplitude of low-frequency 11 oscillations (1-12 Hz), measured in source space. These age-related reductions were mostly 12 observed in the areas that overlap with the default mode network. Moreover, age-related 13 increases of variability in the amplitude of beta-band frequency EEG oscillations (15-25 Hz) 14 were seen predominantly in temporal brain regions. There were significant sex differences in 15 EEG signal variability in various brain regions while no significant sex differences were 16 observed in BOLD signal variability. Bivariate and multivariate correlation analyses revealed 17 no significant associations between EEG-and fMRI-based variability measures. In summary, 18 we show that both BOLD and EEG signal variability reflect aging-related processes but are 19 likely to be dominated by different physiological origins, which relate differentially to age 20 and sex. 21
Introduction 24
Functional neuroimaging methods such as fMRI, PET, fNIRS, EEG, or MEG have 25 allowed the non-invasive assessment of functional changes in the aging human brain (Cabeza, 26 2001; Cabeza et al., 2018) . Most previous functional neuroimaging studies on aging have 27 employed a task-based design (Grady, 2012) and in their data analysis the central tendency 28 has typically been assumed to be the most representative value in a distribution (e.g., mean) 29 (Speelman and McGann, 2013) or the "signal" within distributional "noise". In recent years, 30 also the variability of brain activation in task-dependent and task-independent measurements 31 (as spontaneous variations of background activity) has been shown to provide relevant 32 information about the brain's functional state (Garrett et al., 2013b; Grady and Garrett, 2018 ; 33 Nomi et al., 2017) . These studies primarily measured the blood oxygen level dependent 34 (BOLD) signal using fMRI. For example, it has been demonstrated that the variance of the 35 task-evoked BOLD response was differentially related to aging as well as cognitive 36 performance (Armbruster-Genc et al., 2016; Garrett et al., 2013a) . Similarly, spontaneous 37 signal variability in resting state fMRI (rsfMRI) has been found to decrease with age (Grady 38 and Garrett, 2018; Nomi et al., 2017) , in individuals with stroke (Kielar et al., 2016) , and 39 22q11.2 deletion syndrome (Zöller et al., 2017 ). An increase of fMRI variability has been 40 shown to occur in inflammation induced state-anxiety (Labrenz et al., 2018) and to parallel 41 symptom severity in Attention Deficit Hyperactivity Disorder (Nomi et al., 2018) . From these 42 studies, it was concluded that changes in BOLD signal variability might serve as an index for 43 alterations in neural processing and cognitive flexibility (Grady and Garrett, 2014) . 44 The conclusions of aforementioned studies imply that BOLD signal variability is 45 mainly determined by neuronal variability. To a large extent, this is based on the premise that 46 BOLD is related to neuronal activity: The evoked BOLD signal in task-based fMRI reflects 47 10 1804 points located on the cortical surface to the 61 scalp electrodes. We filtered into several 241 frequency bands, associated with brain oscillations: delta (1-3 Hz), theta (4-8 Hz), alpha 12 Hz), and beta (15-25 Hz). Following the singular value decomposition (SVD) of each 243 voxel's three-dimensional time course, the dominant orientation of the source signal was 244 identified by preserving the first SVD component. The amplitude envelope of filtered 245 oscillations was extracted using the Hilbert transform (Rosenblum et al., 2001 ). Next, we 246 applied temporal coarse graining by averaging data points in non-overlapping windows of 247 length 0.5 s (Figure 1) . 248
EEG Variability (SDEEG).
We calculated the SD of amplitude envelope of band-pass filtered 249 oscillations on the coarse-grained signal. RsEEG signal variability (SDEEG) was obtained for 250 different frequency bands (SDDELTA, SDTHETA, SDALPHA, SDBETA) in each of 96 ROIs. Further, 251 in our study we investigated variability in the amplitude of oscillatory signals from one time 252 segment to the other. If amplitude (or power) of each signal stays the same, the variability 253 (SD) in the amplitude of such segments will be zero. Therefore, the average amplitude of a 254 signal is not indicative of its variability. Although amplitude and its standard deviation 255 mathematically are different, they can show some correlation due to size effects (Immer, 256 1937) . 257
Main steps toward deriving brain signal variability from the preprocessed EEG signal are 258 shown in Figure 1 . The raw and preprocessed fMRI and EEG data samples can be found at 259 https://ftp.gwdg.de/pub/misc/MPI-Leipzig_Mind-Brain-Body-LEMON/ 260 were applied to brain signal variability values in each 96 ROIs for SDBOLD and SDEEG using 276 age group and sex as variables of interest, adjusting for TIV and mean FD. The significance 277 level was controlled for using false discovery rate (FDR) correction according to Benjamini 278 and Hochberg (1995). Significant group differences were further examined by Tukey HSD 279 post-hoc comparisons. The signal variability values were log-transformed to normalize 280 SDBOLD and SDEEG before further analyses (assessed by Lilliefors tests at a significance 281 threshold of 0.05). All analyses were performed using the aovp function in the lmperm 282 package (Wheeler, 2016) and can solve statistical problems such as multicollinearity and overfitting (Tibshirani, 2011) . 293
We used l1 penalty as the regularization function to obtain sparse coefficients, that is, the 294 canonical vectors (i.e., translating from full variables to a data matrix's low-rank components 295 of variation) will contain exactly zero elements. Sparse CCA was performed using the including processing speed and mental flexibility (Reitan, 1955; Reitan and Wolfson, 1995) . 303
In the first part of the test (TMT-A) the targets are all numbers, while in the second part 304 (TMT-B), participants need to alternate between numbers and letters. In both TMT-A and B, 305 the time to complete the task quantifies the performance, and lower scores indicate better 306 performance. Based on the previous literature, we focused on SDBOLD, SDDELTA, and SDTHETA 307 decomposed into singular values using the prcomp function belonging to factoextra package 311 (R core team, 2018), which performs SVD on the centered values. As a criterion, the 312 minimum total variance explained over 70% was selected (Jollife and Cadima, 2016) . This 313 resulted in three principle components (PC) in SDBOLD (52.82%, 10.34%, and 7%), two PCs 314 in SDDELTA (67.37%, 10.95%), and one PC in SDTHETA (75.63%). We also ran multiple linear 315 13 regression using task completion time in TMT-A and TMT-B as the dependent variables with 316 the PC scores (for SDBOLD, SDDELTA, and SDTHETA) and their interaction with continuous age 317 as independent variables. Since the residuals from the regression models fitted to the data 318
were not normally distributed, the TMT values were log-transformed prior to the final 319 analyses. These tests were conducted using the lmp function in lmperm package implemented 320 in R (R core team, 2018). 321 322 
Results 327
Mean SDBOLD and SDEEG. The topographic distribution of SDBOLD in younger adults revealed 328 the largest brain signal variability values in fronto-temporal regions while in older adults it 329 was in the frontal and occipital areas. Further, we found strongest variability across younger 330 subjects in occipito-temporal regions for SDDELTA, SDTHETA, SDALPHA, and in medial frontal 331 We calculated the standard deviation (SD) of the blood oxygen level dependent (BOLD) 368 signal and of the coarse-grained amplitude envelope of the rsEEG time series for the delta (1-369 3 Hz), theta (4-8 Hz), alpha (8-12 Hz), and beta (15-25 Hz) frequency bands at the source 370 space. Statistical significance was determined using nonparametric ANCOVAs corrected for 371 multiple comparisons by false discovery rates (FDR; Benjamini and Hochberg, 1995 
Discussion 419
Comparing healthy younger and older adults, we found widespread variability 420 reductions in BOLD signal as well as in the amplitude envelope of delta, theta, and alpha 421 frequency of rsEEG, whereas increased variability with aging was observed in the beta-band 422 frequency. As a complementary analysis, we also explored sex differences and found that 423 female subjects exhibited higher EEG signal variability than male subjects; no significant sex 424 differences were found in BOLD signal variability. There were no significant correlations 425 between hemodynamic (SDBOLD) and electrophysiological (SDEEG) measures of brain signal 426 variability, neither in the younger nor in the older adults. Our results suggest that variability 427 measures of rsfMRI and rsEEG -while both related to aging -are dominated by different 428 physiological origins and relate differently to age and sex. 429 430
4.1.BOLD Signal Variability 431
The first aim of our study was to investigate the effect of age on BOLD signal 432 In our analysis, we found age-dependent EEG signal variability changes within 480 networks which were associated with more than one frequency band, thus confirming that 481 neurons generating oscillations at different frequencies may contribute to the same network. 482
More precisely, we found age-related reductions in SDDELTA and SDALPHA mainly in a visual 483 network (including calcarine regions, cuneal cortex, and occipital pole), SDTHETA in posterior 484 DMN (e.g., posterior cingulate cortex), while an enhancement of SDBETA was mainly seen in 485 the temporal (e.g., superior/middle temporal gyrus), and central/sensorimotor (e.g., 486
supramarginal gyrus) regions. These results align with previous reports of age-dependent 487 changes of electrophysiological activity using spectral power (Dustman et resulting in EEG amplitude changes. A methodological improvement for future studies will 515 therefore be the application of individual head models (Ziegler et al., 2014) . 516
In addition to the effect of age on rsEEG signal variability, an exploratory analysis 517 showed sex differences in distinct brain regions and EEG frequencies. More precisely, we 518 found higher SDDELTA and SDTHETA in occipito-temporal, SDALPHA in frontal, and SDBETA in 519 frontal as well as occipito-temporal brain regions in female compared to male subjects. While 520 22 some studies demonstrated higher alpha (Aurlien et al., 2003) , delta (Armitage, 1995) (biological/hormonal, cultural or developmental) involved in shaping sex differences. 526
Unfortunately, based on our dataset we cannot differentiate which of these potential 527 mechanisms might be most relevant for the observed changes. 528 observed age-related differences in BOLD signal variability might be confounded by such 572 within-subject (state) variability. Therefore, future rsfMRI studies may benefit from obtaining 573 arousal-related (e.g., self-report) measures and an explicit measurement of eye movements 574 and eye opening/closure to account for the influence of arousal on the BOLD amplitude 575 changes. Another option would be to combine EEG and fMRI simultaneously. Yet, resting 576 state measures of EEG (Näpflin et al., 2007) and fMRI (Shehzad et al., 2009; Zuo et al., 2010 ) 577 have been shown to be reliable within-individuals across time. 578
In our study, the computation of the source reconstructed rsEEG required the 579 parcellation of the brain into relatively large anatomical ROIs. It could well be that the 580 analysis with a higher spatial resolution (e.g., at the voxel-level) with individual head models 581 may provide additional insights about brain signal variability. 582
Finally, while our study aimed at comparing analogous variability measures in EEG 583 and fMRI, future research using rsEEG and rsfMRI in the same subjects would benefit from 584 the addition of connectivity-based measures including graph theory-based (Yu et al., 2016) or 585 sliding-window methods (Chang et al., 2013; Qin et al., 2019) . 586
Conclusion 587
In this study, we report age and sex differences of brain signal variability obtained 588 with rsfMRI and rsEEG from the same subjects. We demonstrate extensive age-related 589 reduction of SDBOLD, SDDELTA, SDTHETA, and SDALPHA mainly in the DMN and the visual 590 network, while a significant increase of SDBETA was mainly seen in temporal brain regions. 591
We could not demonstrate significant associations between SDBOLD and SDEEG. Our findings 592 indicate that measurements of BOLD and EEG signal variability, respectively, are likely to 593 stem from different physiological origins and relate differentially to age and sex. While the 594 two types of measurements are thus not interchangeable, it seems, however, plausible that 595 both markers of brain variability may provide complementary information about the aging 596 process. 597
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